Abstract Direct nitrous oxide (N 2 O) emissions from agricultural soils contribute considerably to anthropogenic GHG emissions. Albeit a key source of emissions in many countries, direct N 2 O emissions are still calculated and reported to the United Nations Convention on Climate Change using default emission factors defined in the IPCC guidelines (IPCC 1996(IPCC , 2006. It is known that processes controlling production and transport of N 2 O are highly sensitive to environmental conditions defined by weather, soil and management. The accuracy of N 2 O emission budgets and the efficiency of mitigation can be improved if those dependencies are considered with regionalized emission factors. In this study an empirical method originating from soft computing techniques based on measured data is developed and applied to quantify direct N 2 O emissions from agricultural soils at field and national level in Germany between 1990 and 2005. The method is used to derive maps of emission factor distribution of direct N 2 O emissions of agricultural land in Germany. Model results are compared with alternative empirical approaches from literature.
Introduction
Nitrous oxide (N 2 O) contributes about 6% to global anthropogenic greenhouse gas (GHG). One third of anthropogenic N 2 O emissions are released as direct emissions from agricultural soils (Mosier et al. 1998) . Agricultural N 2 O accounts for about 3% of anthropogenic GHG emissions in Germany. It constitutes a ''key source'' in the national GHG inventory under the United Nations Framework Convention on Climate Change (UNFCCC), which may be calculated by regional or national specific methods and emission factors (IPCC 2006) . Agricultural N 2 O constitutes the largest uncertainty in the German GHG inventory.
The emerging biofuel production highlights the importance of N 2 O emission from fertilized soils because this source can counteract the benefits of biofuel use for climate change mitigation (Crutzen et al. 2008) .
Recent estimation methods of N 2 O emissions used in national GHG inventories are mostly based on the emission factor approach of Bouwmann (1996) . This approach assumes ''natural background emissions'' and proportionality between mineral N sources and annual N 2 O emissions. The emission factor has been incorporated in the TIER1 approach of IPCC (1996) , which assumes proportionality between all anthropogenic N sources and annual N 2 O emissions and global applicability. In reality N 2 O emissions are highly influenced by environmental conditions controlling the availability of carbon and nitrogen resources of denitrification, nitrification and nitrifier denitrification as well as environmental factors that promote or hamper biological activity like temperature, O 2 availability and pH. Direct N 2 O emissions driven by these factors are characterized by a high spatial and temporal variability. Consequently, simple approaches on the TIER1 level are associated with a high model uncertainty and are not capable of depicting regional differences or evaluating the effect of mitigation measures (Jungkunst et al. 2006 ) on sub-national or near-local spatial scales.
Several approaches have been developed that could address these needs, ranging from statistical approaches (Freibauer et al. 2003; Stehfest and Bouwman 2006) to complex process based models (Li et al. 2005; Del Grosso et al. 2006) .
The intention of process-oriented models like DNDC (Li et al. 2005) or Daycent (Del Grosso et al. 2006 ) is the description of processes influencing the flow of material and energy. They should offer a high potential to correctly describe N 2 O emissions of individual agricultural sites. However, for large scale applications the data needed to initialize and drive these models is often not available in a quality (high uncertainty) that would justify the use of this model type. Further the processes leading to N 2 O emissions are not fully understood (Groffmann et al. 2009 ), which hampers the ability to extrapolate from few observations. Due to the complexity of process interrelations the transparency of the model structure and input-output relationship is restricted.
Statistical approaches are used to describe the features of data sets with the assumption that these samples of data represent the full population. Bouwmann (1996) , Freibauer et al. (2003) , Roelandt et al. (2005) used linear or nonlinear regression equations while Stehfest and Bouwman (2006) applied a restricted maximum likelihood approach (REML) analysis. These approaches have in common that the model structure is fixed a priori. As the relationship between driving variables and the N 2 O emission is a priori unknown, and variable in time and space, approaches characterized by a flexible model structure could improve model performance. Neural networks, decision trees or fuzzy logic models offer these opportunities.
Several studies (Bardossy et al. 2003; Jung et al. 2009 ; Leip et al. 2010 ) have attempted to combine the advantages of process-oriented and empirical approaches. Here empirical approaches function as meta-models that simplify and reproduce input-output relationships of the process-oriented approaches which are used to generate the training data.
Meta models have, in general, a lower demand on input information making them suitable to large scale applications. Flexible and advanced statistical approaches are commonly applied to match the nonlinear transformation between process drivers and target variable (Bardossy et al. 2003; Jung et al. 2009 ). However, their ability to reproduce real world data and input-output relations depends, among other things, on the accuracy of the process model used for training data generation (Leip et al. 2010 ). This source of errors could be reduced by training (calibration/ validation) highly flexible approaches directly on representative ''measurements''. There are two methods that could serve as sources of independent flux data. The derivation of N 2 O fluxes by static chamber measurements has been extensively applied to generate annual N 2 O fluxes all over the world for a range of ecosystems. These cover huge variabilities in nutrient supply, climate conditions, soil properties, management. On the other hand, top down methods to estimate spatially-distributed N 2 O fluxes, as presented by Corazza et al. (2011) , would allow validation of bottom up approaches (or even calibration). This would be relevant if the uncertainty of top down methods originating from the inverse modeling itself, and the disentanglement of different N 2 O sources (ecosystems, direct/indirect soil fluxes, industry), justifies this comparison.
Methodological advances are needed to fulfil the IPCC (2006) requirements for accuracy and regional specificity in national N 2 O inventories and to assess agricultural production methods with regard to N 2 O mitigation. This includes an assessment of the accuracy and precision of existing approaches, the sensitivity of national and regional N 2 O budgets to model input parameters and their uncertainty.
In this study we present a new empirical, datadriven approach for simulating field-scale to national direct N 2 O emissions from agricultural soils based on model ensembles (MODE) of empirical approaches combining fuzzy inference schemes (FIS) and a procedure to consider categorical variables. The approach provides a relatively flexible model structure that can be adapted using both measured data sets and existing expert knowledge.
Further a range of empirical modelling approaches is compared regarding the model uncertainty, sensitivity to climate, soil conditions and management, accuracy and precision to quantify direct N 2 O emissions from agricultural soils at field scale in Western Europe and at national scale in Germany between 1990 and 2005. We discuss resulting implications for mitigation assessments.
Materials and methods
This section gives a brief overview of the steps in developing the models, the data sets collected and the alternative empirical approaches used in the model comparison. A detailed description of the theory of MODE and of model development is given in Annex 1 of Electronic Supplementary Material. Annex 1.1, 1.2 and 1.3 outline the steps, procedures and rationale in developing MODE and individual ensemble members (MEME), respectively. Annex 1.4 describes the optimization and development of MODE. The following sections describe the application of MODE for modelling annual N 2 O emissions from agricultural soils.
Data sets for model development
Development of MODE and validation of modeling approaches examined in this work was done on data set I which was extracted from the database by Stehfest and Bouwman (2006) . This database contains annual values of N 2 O emissions together with-incomplete-climatic data, management data and soil properties, collected from published studies. The data set is hierarchically structured into sites (determined by geographical position) which contain variants (observed measured N 2 O annual emissions with divergence in climatic conditions, soil properties or management according to the scope of the respective publication).
Only European data representing at least 1 year of measurements were chosen from the database by Stehfest and Bouwman (2006) (Fig. 1a) . Gaps in the Stehfest and Bouwman (2006) database concerning the percentage of clay, silt, and sand were filled by using mean values of the particle size triangle if the soil texture was known. Gaps for the factors soil organic carbon (SOC); total nitrogen (N tot ), bulk density and pH remained and were considered in the modelling approach. The literature referenced in Stehfest and Bouwman (2006) was scanned for the measurement time intervals on which the annual N 2 O emission rates of Data Set I are based. The temporally and spatially specific seasonal precipitation amounts and temperature means related to each measured annual emission rate could be derived using the REMO data base (Vetter et al. 2007 ).
Prior to model development the Data Set I was divided into two parts, one used for model calibration (CD) and the other for model validation (VD) by random choice using the criterion ''site membership'', e.g., all members (variants) of a site belong either to CD or VD. Calibration data and validation data contain an equal number of sites.
Data Set II, used for the analyses of uncertainty caused by interpolation of discrete time series and spatial variability, consists of 49 time series of N 2 O emissions measured at 12 different sites in Europe for cropland and 46 time series from 18 sites for grassland (Fig. 1b) .
All time series have a duration of at least 1 year. Ancillary data available are climate, local weather, management data and soil properties.
Model development
Initially a set of input variables with likely effects on annual N 2 O emissions was established. This set contained data about:
1. Weather: seasonal precipitation, seasonal temperature prior to and during the period of observations 2. Soil properties of the top soil layer: pH, sand, silt, and clay content, soil organic carbon content, soil total nitrogen content, bulk density 3. Management: N applied via fertilizer and N deposition, major fertilizer type applied, vegetation type during the period of N 2 O observations.
The most suitable factor combination and the optimal partitioning of the factor domains by fuzzy sets was searched for with a forward selection algorithm.
Starting point was a model configuration with one factor out of the set of potential input variables. The domain of this factor was classified by two fuzzy sets. Systematically the number of fuzzy sets was increased or new input variables were added from the set of potential input variables. A flow chart of the algorithm can be found in Annex A.2 of Electronic Supplementary Material.
Model uncertainty

Uncertainty quantification and analyses for model ensembles
Model uncertainty induced by model structure itself and uncertain driving data are taken into account by uncertainty analyses.
As described in Annex A1.2, a FIS consists of several rules of which more than one can be fulfilled to a certain degree when applied to a specific problem. Each rule defines a specific set of conditions more or less suitable to trigger N 2 O emissions. Model uncertainty might be dependent on prevailing conditions. In the scope of N 2 O, it is observed that certain thresholds of factors driving the N 2 O emission decide how the N 2 O emission reacts to changes in remaining factors (Conen et al. 2000) . For instance given the situation in which one driving factor minimizes the N 2 O emission, it is reasonable to assume that under these conditions the influence of remaining factors will be small, as will the emission variability not covered by the modelling approach. It is reasonable to assume that environmental conditions not favouring N 2 O production and transport and consequently causing generally low N 2 O emission amounts will be associated with a low estimation uncertainty and vice versa. That's why uncertainty estimates were based on the assignment of uncertainties to specific rules of the inference scheme. It is assumed that uncertainty assigned to FIS rules is normally distributed with the mean being equal to zero.
The application of a FIS to a problem of the estimated uncertainty distribution [represented by its standard deviation (r y )] is derived from rule specific uncertainty distributions in Eq. 1: In general, rule-specific uncertainty was estimated by using the validation data set as a reference. The consideration of input uncertainties (2) and measurement uncertainties (3) was realized by applying Monte Carlo simulations. A sample of the uncertainty distribution is generated by applying the model (MODE) many ([30,000) times on the validation data (VD). Input uncertainties are considered by adding random (95% truncated normal distribution) error terms (err i ) to each input value (f i ). Statistics of the related distributions can be found in Table 1 .
Randomly generated error terms (err N 2 O spat , err N 2 O int ) from uncertainty distributions representing spatial and interpolation uncertainty, respectively, (section ''Uncertainty of measured annual nitrous oxide emissions'') were added to the respective ''measured'' annual N 2 O emission. In this way a member (dev) of the distribution of model application uncertainties was calculated by: With q being the number of the Monte Carlo sample members the uncertainty of rule i representing a sub domain of an ensemble member was estimated with: emissions in this data set were measured simultaneously on 2-4 measurement plots. A linear relationship between mean and standard deviation of simultaneous measured N 2 O fluxes could be observed (R 2 = 0.56, slope = 0.279, intercept = 0, p \ 0.01) across this data set. Based on this empirical relationship, and the assumption of normal distribution of replicates, the standard deviation of spatial uncertainty is calculated by:
with n being the number of replicates. Few studies have assessed the error in annual emission values due to the interpolation between measurements. Smith and Dobbie (2001) quantified the interpolation error by comparing annual emissions derived from daily and weekly measurements (with higher density at emission events) and quantified the interpolation error of measurements with lower density as underestimation of about 14%.
Interpolation uncertainty was estimated by applying a bootstrap algorithm on N 2 O time series of Data Set II and using examined correlations (Eq. 5) between annual N 2 O emission uncertainty caused by linear interpolation and characteristics of respective time series.
The time series of Data Set II vary in the time step size between measurements. There are few data sets with mean time intervals below 2 days. Mostly the mean time interval is between 5 and 10 days. In general, measurement intervals are longer in winter than in other seasons. During expected event-triggered emissions the temporal measurement densities were increased by several authors (Flechard et al. 2005; Dobbie and Smith 2003) . As the pattern of N 2 O time series is site specific, the interpolation uncertainty can not be generalized from the interpolation uncertainty of few high-frequency time series. Therefore, the interpolation uncertainty was generically estimated by taking away measurement points from the existing time series. It was assumed that the interpolation error depends on the increase of mean temporal interval between measurements and statistics describing the dynamics of the measured time series like the variance of measurements and the variance of partial emission sums. The increase of mean step width of measurement dates starting from the measured time series and the resulting uncertainty can provide information on uncertainty arising from incomplete measurements if one assumes that the removal of data only slightly changes the statistical properties of the original time series. Linear interpolation between measurements was assumed to be a suitable method.
Based on this assumption, six classes of mean time intervals (2, 4, 9, 15, 20, 30 days) were defined. Taking each time series measurement points were randomly selected and removed until the mean temporal difference of a defined class were met. The cumulative emission and the difference to the original time series were calculated. This was repeated 2,000 times for every time series and every class, producing a frequency distribution with 2,000 members per time series and class. The mean, standard deviation and 95% quantiles (q low , q high ) of these frequency distributions were calculated (Fig. 2) .
It was found that the standard deviation of partial emission sums between two measurements (r PS N 2 O ) and the duration of the measurement period are adequate variables to estimate the standard deviation (r 2 = 0.89; p \ 0.01; Eq. 5) of the interpolation uncertainty distribution.
Similarly a correlation between r interpol and the variables' measurement duration, number of measurements and mean measured annual N 2 O emission was found (r 2 = 0.8122; p \ 0.01; Eq. 6). Data Set I just contains annual emission values and the mean time interval of measurements. Interpolation uncertainty is approximated by Eq. 6. 
Alternative approaches
Alternative empirical approaches were applied on the calibration data set and the national inventories (Table 2) to compare the results with the results of the MODE models developed in this study. Stehfest and Bouwman (2006) and Freibauer et al. (2003) both used data sets taken from literature reviews.
As the data used in this work was mainly based on the data set published in Stehfest and Bouwman, it is not really independent with respect to both models (Freibauer, Stehfest and Bouwman) .
To determine uncertainty of alternative modelling approaches, Monte Carlo simulations with manipulated input data and measured annual N 2 O budgets were applied in similar manner as described in Section ''Uncertainty quantification and analyses for model ensembles''. If deviations between model results and measurements were nearly normally distributed, then normal distributions were used to describe model uncertainty. Otherwise the logarithms of deviations were assumed to be normally distributed.
Regionalisation
German N 2 O emissions were calculated on a 1 9 1 km raster grid with input information maps of the same spatial resolution. Areas covered by organic soils, water bodies and paved surfaces were omitted.
Management
The spatial distribution of land use (categories: cereals, fallow, vegetables, rape, other, roots, grassland), mineral fertilizer N application and organic fertilizer N application in Germany for the period from 1990 to 2005 was based on two sources:
1. The Capri-DynaSpat disaggregation of European land use data for the year 2000 (Leip et al. 2008 Using the spatially disaggregated data of CapriDynaspat (for the year 2000) land use area and fertilizer amounts on the country, federal land and rural district level (1990) (1991) (1992) (1993) (1994) (1995) (1996) (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) (2005) were distributed within rural districts.
Soil properties
Spatial distribution of soil properties (pH, texture, SOC, NOC) was based on the ''Soil Map of Germany 1:1,000,000'' (Richter et al. 2007) . 
Precipitation and Temperature
Seasonal precipitation and temperature were taken from data sets derived from simulations with the REMO model (Vetter et al. 2007) .
Results
Development of MODE
The sensitivity analysis determines model drivers (categorical and numerical) that increase the explanatory power of the model. It also determines the optimal number of fuzzy sets used to intersect the factor scale of each factor used in FIS. Taking the data of N 2 O emissions on cropland, those variables were, in the order of decreasing variance reduction: precipitation in autumn (P aut ), sand content of the top soil, mean temperature in the subsequent winter of the measurement period (T win ), amount of N input via fertilisation and the category of vegetation (Table 3) . Using these factors as input variables with the classification scheme (each input factor scale partitioned by two fuzzy sets) obtained from the sensitivity analyses, the cropland model was built by an ensemble of 50 members. Beyond 50 ensemble members the model fit on the validation data remained constant.
For the first four mentioned variables, each variable domain was intersected by two fuzzy sets. The model calibrations following addition of selected factors resulted in an increase of model fit for both the calibration and the validation data set (Table 3 ). The N input via fertilisation turned out to be less important for annual N 2 O emissions than variables characterizing climatic and soil conditions for the used data sets.
This contradicts the modelling approaches of Bouwmann (1996) and IPCC (2006) , where the N input via fertilisation is the only explanatory factor of modelled N 2 O variability (Table 2) . Each factor was additionally accompanied by a decrease in the AKAIKE criterion (Akaike 1974 ) which indicates the absence of an over-parameterisation. Figure 3a , B shows the obtained model structure of the MODE Crop approach. As the fuzzy inference schemes were built up by 4 factors each, intersected by 2 fuzzy sets (named low and high in Fig. 3a) , the model contains 16 rules each assigned by a rule response with a rule specific uncertainty derived via Monte Carlo simulations. Crop categories Fallow, Roots, Vegetables, and Other turned out to support higher N 2 O fluxes than the crop category Cereals, the effective value of which was fixed to one to serve as a reference (Fig. 3b) .
The sensitivity analyses using the grassland data revealed a somewhat different picture (Table 4 ; Fig. 3c ). In order of decreasing importance for the model's predictive accuracy, fertilizer input (N Fert ), mean temperature in winter (T win ) and pH were selected out of the pool of tested variables during the sensitivity analyses.
Contrary to MODE Crop high winter temperatures were associated with high emissions and vice versa. Parameters determining soil texture as a control of the water filled pore space were not found to be of major influence.
Model validation
The application of the fitted MODE modelling approaches on the validation data set revealed a good approximation of the measured data (Fig. 4) . The application of the alternative modelling approaches (on CD ? VD) indicated a difference between N 2 O emission between N 2 O emissions from croplands and grasslands reflecting their dependence on fertilizer input. The alternative approaches failed to match measured N 2 O emission values (Fig. 5) .
The calculated optimum function w (weighted squares of residuals; Equation A9) tended to be higher or equal to 1 for all approaches. This implies a model fit equal to or worse than the model fit that would be achieved when replacing the model results by the mean of observed annual N 2 O emission rates (Table 5) .
Especially high observed N 2 O emissions were underestimated by the approaches of Bouwman (1996) and Stehfest and Bouwman (2006) . The model fit for grassland soils exceeded the one for cropland soils with objective function values w between 0.61 and 0.88. (Fig. 6a, d ). Spatial distribution of modelled N 2 O emissions on German croplands follows a south to north and a west to east gradient. The described spatial emission pattern reflects the tendency of high emissions under moist conditions (transition from continental to oceanic climate) and the probability of freeze-thaw cycle occurrence. Depending on seasonal weather conditions, the modelled spatial N 2 O emission pattern is highly variable for the years 1990-2005 (data not shown). This highly variable emission pattern results in modelled emission budgets ranging from 16 to 70 Gg N 2 O-N for German croplands on mineral soil. To visualize the influence of N fertilization amount on nitrous oxide emissions, two scenarios-one with a N fertilisation rate of 0 kg N ha -1 and one with a rate of 100 kg N ha -1 -were modelled. Because the underlying model structure assumes a linear relationship between fertilizer N input and annual N 2 O emission rates, the difference of both scenarios approximates the emission factor [%], which is driven by weather conditions, soil sand content and crop category, but independent of the amount of fertilizer N applied. The spatial distribution of the long term means of emission factors (1990) (1991) (1992) (1993) (1994) (1995) (1996) (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) (2005) is shown in Fig. 6a while Fig. 6b visualizes the scenario results assuming no fertilizer addition which could be interpreted as background flow. Approximated emission factors and emissions under no fertilisation are proportional to each other. Emission factors range from 0.2 to 5% of applied fertilizer N (Fig. 6c) . Relatively high base flow rates (0-4 kg N ha -1 ) and small emission factors reflect the low influence of fertilizer N input on cropland N 2 O emissions also found during a priori correlation analyses (data not shown), and model development on the training data (CD ? VD).
The spatial distribution of German grassland emission rates is mainly governed by the spatial-temporal (1990-2005) distribution of fertilizer N input per area (Fig. 6d) . Temporal variability of annual N 2 O budgets of mineral grassland soils is less pronounced than temporal variability of cropland N 2 O emission budgets ranging from 7 to 11 Gg ha -1 with an outlier in 1990 with 17 Gg ha -1 caused by relatively high fertilizer input and land use rate of the new federal lands in the east of Germany in combination with an extraordinarily warm winter 1989/1990. After 1990 the grassland area in East Germany strongly decreases due to structural changes in East German agriculture caused by the German reunification.
Emission factors of German grasslands show a less pronounced spatial variability than do emission factors of German croplands (Fig. 6e) . Regions of high N 2 O emission potentials of grassland soils are found to be in the Northwest of Germany (Schleswig-Holstein; northern Lower Saxony, North Rhine-Westfalia, all characterized by an oceanic climate) and in the Northeastern German Plain, mainly driven by high pH values in this region.
N 2 O emissions of German croplands were also calculated with the approaches of Freibauer et al. (2003) , Bouwman (1996) and Stehfest and Bouwman (2006) . The highest deviation between emission rates calculated with MODE and alternative modelling approaches are found to be localized in the southern of Germany (federal states Bavaria, Baden-Württemberg and Saarland). There, MODE and the model of Freibauer et al. (2003) assume in those regions a predisposition to freeze thaw induced N 2 O emission peaks while approaches of Stehfest and Bouwman (2006) and Bouwmann (1996) do not (Fig. 7a) . The sensitivity of the approaches of Freibauer et al. (2003) and the MODE to climatic drivers causes pronounced differences to alternative modelling approaches. This does apply for modelled emissions of the Northeast (Mecklenburg-Vorpommern and Brandenburg) characterized by relative dry conditions and the temperate northwestern of Germany (Schleswig-Holstein, Lower-Saxony). Total mean national budgets (1990) (1991) (1992) (1993) (1994) (1995) (1996) (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) (2005) calculated with all models are close to each other (Fig. 8) . Predicted Grassland emission rates of MODEGrass and the approach by Stehfest and Bouwman (2006) are close to each other throughout German regions while estimates from the two other modelling approaches are consistently higher (Fig. 7b) . 
Discussion
The sensitivity of annual emissions to nitrogen input European Cropland sites and grassland sites used to calibrate the model differ regarding the variables suitable to describe measured annual N 2 O emissions.
In particular the N input during the measurement period is a major driver of N 2 O emissions on grasslands, while it is less important for emissions of cropland soils. The different sensitivities of both categories to N input is also addressed by modelling approaches of Freibauer et al. (2003) and Roelandt et al. (2005) , based on N 2 O measurements on mineral soils in Europe and temperate regions of the world, respectively. In contrast, the approach of Stehfest and Bouwman (2006) differentiates between grassland and other land use categories, but within the same equation. Jungkunst et al. (2006) found no differences between N 2 O emissions of grassland and arable land regarding fertilizer N input while examining a data set of German measurements. In these data a relationship between fertilizer N input and annual N 2 O emissions could hardly be detected, either for grassland or cropland soils.
Key controls of N 2 O fluxes of cropland soils
The developed modelling approach relates annual N 2 O emissions to seasonal weather conditions, soil properties (sand content) and nitrogen availability. Denitrification and nitrification are known to be the major processes responsible for N 2 O production in soil (Mosier et al. 1998; Freibauer et al. 2003) . Numerous studies identify oxygen availability, readily available nutrient sources (nitrogen and carbon), soil temperature and pH as key controls of these processes. On the European scale (Data Set I), the variability of system properties during the vegetation period (spring and summer) should have major implications for spatial variability of annual N 2 O emission. High temperatures in spring and summer support denitrification, nitrification and mineralization of soil organic carbon. Indirectly, temperature promotes denitrification via increased soil respiration (O 2 availability). The influence of the spatial variability of weather conditions on the spatial variability of soil water pore fraction as a driver of soil gas diffusitivity is highest in the vegetation period. The sensitivity of N 2 O emissions to winter temperature indicates that this variable is a feasible proxy to consider the emission amount released due to freezethaw cycles, although their occurrence and intensity relates to a complex interaction of air temperature, snow cover and soil water content. Freibauer et al. (2003) and Jungkunst et al. (2006) found that the occurrence of freeze-thaw cycles was a major component that increased variance of their data set of measured N 2 O variability. Only a few studies have used process-oriented models to model measured freeze thaw-induced emissions (de Bruijn et al. 2006; Desjardins et al. 2010 ), but to our knowledge no examinations exist concerning the influence of this component on large scale (temporal and spatial) variability of annual emissions.
The soil organic carbon (SOC) content which was found to be an important determinant of N 2 O fluxes in several models (Freibauer et al. 2003 , Stehfest and Bouwman 2006 , Li et al. 2005 ) is less important than weather conditions and soil texture parameters during development of MODE Crop . The sensitivity of annual N 2 O emissions to SOC is too weak and the number of measurements too small to include this parameter. Nevertheless, the variable SOC does not necessarily reflect the easily degradable C pools relevant for the processes of nitrification and denitrification. Major compounds of SOC are slowly degradable or inert. Because many mechanisms can be responsible for SOC stabilization (see Lützow et al. 2006; Bachmann Nutr Cycl Agroecosyst (2011 ) 91:235-254 247 et al. 2008 ) the fraction of slowly degradable and inert SOC is probably highly variable between sites of the training data, lowering the explanation power of the parameter SOC. The amount of readily available SOC is controlled by carbon inputs and longterm conditions concerning temperature, moisture, pH or O 2 availability. Soil SOC of sites exposed to low temperature are generally higher than soil SOC under warm conditions, although (Lützow and Kögel-Knabner 2009) . The same effect can be observed for extraordinarily dry (Chernozem) or wet conditions (hydromorphic soils). If soil reaches equilibrium, the SOC degraded annually is equal to the SOC input by plant residues or organic fertilization independent from the amount of SOC stored in the soil. But assuming a SOC pool concept and a decay of first-order kinetics the respiration intensity of high contents of easily degradable SOC should experience a higher temporal variability, driven by weather variability, which, in turn, increases the likelihood of episodes of short lived O 2 deficiencies, nutrient availability and related denitrification peaks. We hypothesize that the relevance of seasonal climate factors (T win , P aut ) determined during development of MODE CROP is also justified by their meaning for easily degradable SOC accumulation in arable soils in the short and long term. In the short term, weather conditions in autumn and winter control the fraction of labile SOC added by discontinuous carbon input (harvest in summer and autumn) that will be preserved and supports episodes of N 2 O peaks during freezethaw and the following vegetation period. In the long term, the amount of available SOC is increased by low temperatures and the period at which latent heat flux is outperformed by precipitation and the resulting wet soil conditions are suboptimal for mineralization. (response functions in Schaufler et al. 2011) .
Aggregation of easily available SOC caused by climatic conditions and soil properties may not necessarily increase the annual N 2 O emission if these conditions limit N 2 O production and transport at the same time. An indication is given by Jungkunst et al. (2006) who found significantly smaller annual N 2 O emissions on poorly aerated soils compared to wellaerated soils, respectively, whereas the mean SOC of well-aerated soils is significantly higher compared to the mean SOC of poorly aerated soils. Soil moisture decreases the diffusion rates of N 2 O and O 2 within the soil profile, inducing a high residence time of N 2 O and an enhanced reduction of produced N 2 O to N 2 caused by O 2 deficiency (Davidson 1991 , Clough et al. 2005 . Further, Jungkunst discusses comparably low N 2 O emissions of Haplic Chernozems (SOC accumulation by dryness) confirmed by observations on a Chernozem in southern Germany reported in (Brümmer et al. 2010) . Ludwig et al. (2010) determined annual N 2 O fluxes on a sandy soil with increased SOC caused by long-term application of organic fertilizer. Measured annual N 2 O fluxes did not differ significantly between plots with higher SOC level and control plots.
In MODE, the assumed linearity between N input and N 2 O emission allows the prediction of fertilizer N-related emission factors. Visualized spatial patterns of background emission and emission factors (Fig. 6b,  c) indicate a higher contribution of background fluxes and a lower contribution of fertilizer-induced fluxes than suggested by the approach of Bouwman (1996) . The applied MODE crop model indicates that environmental conditions enhancing background emissions do also positively influence emission factors (Fig. 6c) . A similar behavior results from the model structure of the Stehfest and Bouwman approach whereas here N 2 O emissions are exponentially related to fertilizer N input. Freibauer et al. (2003) determined emission factors between 0.2% (arable, temperate Western Europe) and 3.3% (arable, sub-boreal Western Europe) of applied N, while Roelandt et al. (2005) did not find a significant relationship between fertilizer N input and annual N 2 O emissions amount at all.
The mean emission factor corrected for background emission of all German cropland sites of Data Set I amounts to 2.17% (median 1.08%), while mean emission factor modeled with MODE Crop is about 1.92% (median 0.99%) for this data. The mean emission factor derived by regionalization of German cropland soils is 0.9%.
It becomes apparent from rule specific uncertainty (Fig. 3 ) that with the given data quality and quantity, in particular low N 2 O emissions have a high relative model uncertainty. Although a considerable German area has high N 2 O emission potential, a huge part of Germany (especially the east) is found to have low emission potential by model application (Fig. 6c) . These areas are underrepresented by recent available measurements resulting in an increased regionalization uncertainty of empirical approaches. Moreover the regionalisation of N 2 O emission estimates with process-oriented models would benefit from a representative distribution of measurements.
Key controls of N 2 O fluxes of grassland soils
The model developed to estimate annual N 2 O emissions of grassland soils uses N input by fertilization and N deposition, mean temperature of the adjacent winter and pH as driving variables. Because of a strong correlation between fertilizer N input and measured N 2 O emissions, the fit of model results to calibration and validation data outperforms the model fit of the cropland model.
The variable T win (mean temperature of adjacent winter) was also determined to be a key control in Roelandt et al. (2005) who stated an exponential relationship between T win and annual N 2 O emissions. They argued that the meaning of T win for N 2 O emission is in limiting microbial activity by temperature. In the data set used in this work below a value of approximately 2.6°C, T win has no significant impact on emission factors, but above this value the emission factor (not corrected for background emission) increases with winter temperature. Most sites of the data set used represent climatic conditions of Western and Central Europe. In the training data set, sites with high temperature in winter (situated in Scotland and Netherlands) are mainly the sites with a strong oceanic influence, experiencing low temperatures during summer which depletes soil water losses by evapotranspiration during the vegetation period. A resulting higher annual WFPS at these sites is possibly responsible for accelerated N 2 O losses, as is reported in Flechard et al. (2007) and Dobbie and Smith (2003) . On the other hand, variables supposed to indicate high soil moisture during the vegetation period like the mean temperature in spring and summer, the precipitation amount in spring and summer or soil texture parameters were not found to be important parameters during model development. Instead we identified the mean winter temperature as sensitive parameter. Jungkunst et al. (2006) found that poorly aerated soils in Germany-a region characterized by low winter temperaturesemitted less N 2 O than well-aerated soils. In summary, this could indicate that stress, caused by low temperatures or soil frost in winter has a long-lasting impact on the denitrifier community throughout the year. Muhr et al. (2008) , Schmitt and Glaser (2011) and Feng et al. (2007) found indications that freeze-thaw events decrease the fungi/bacteria ratio and impact microbial functioning in the short term (Schmitt and Glaser 2011; Feng et al. 2007 ) and throughout the following year (Muhr et al. 2008, Schmitt and Glaser 2011) . Many denitrifying fungi lack N 2 O reductase (Laughlin and Stevens 2002) . Therefore, a long lasting impact of stress on fungi abundance could influence the N 2 O/N 2 ratio and also the annual N 2 O emission.
The type of fertilizer applied was not identified as a factor explaining the variability of annual N 2 O emissions from grassland soils. Therefore, the model does not differentiate between ''grazed'' and ''no grazing''. Enhanced N 2 O emissions by ''grazing'' are assumed in IPCC approaches (IPCC 1996 (IPCC , 2006 with an emission factor of 2% of applied N via animal excreta, but a literature review of van Groenigen et al. (2005) suggests an emission factor of 0.9% of urine N applied, disregarding the influence of dung patches and soil compaction. Flechard et al. (2007) analyzed a data set of N 2 O fluxes measured over a 3-year period at 10 sites in 8 European countries. Although higher N 2 O fluxes from ''grazed'' grassland soils were observed, the difference was not systematic. Flechard et al. (2007) point out that their observed difference between cases ''grazed'' and ''no grazing'' could simply be caused by few outliers. Consequently, their modelling approach to estimate N 2 O emissions during fertilisation events does not differentiate between grazed and non-grazed sites.
MODE Grass assumes increasing N 2 O emissions with increasing pH, which is in line with observations from Yamulki et al. (1997) and observations cited in Simek and Cooper (2002) .
Mean emission factor of German grassland soils derived by model regionalisation is about 0.92% of nitrogen input by fertilisation. This is less than the model assumptions of Freibauer et al. (2003) who used an EF of 1.5%. The regression equation of Freibauer et al. (2003) relied on a data set that covered all of Western Europe. These data included sites that are assigned high N 2 O fluxes caused by subsequent high winter temperatures as revealed in our study. The Jungkunst et al. (2006) regression analyses found an emission factor of 0.3% of applied fertilizer N, thereby a relevant fraction of measurement sites are poorly aerated soils (Jungkunst et al. 2006) which might have influenced the estimated mean emission factor based on this data set. Flechard et al. (2007) estimated an emission factor of 0.75% of applied N based on measurements across Europe.
Regionalization
German-wide annual N 2 O emission estimated by MODE Crop and MODE Grass exhibit a strong temporal variation for croplands, and to a lesser degree for grassland soils. Similar temporal variations are documented by Leip et al. (2010) . Considering the influence of weather on emission distribution, the effects of substantial changes in management practice on real time annual N 2 O emissions are likely to be masked by natural temporal variability. Long-term means of emission factors are more adequate to assess the influence of management practice on annual N 2 O emissions.
The emission factor of German direct N 2 O from agricultural mineral soils is estimated to be around 0.9% based on model regionalization of the time period 1990-2005. Leip et al. (2010) generated fertilizer-induced emission factors based on a European-wide application of the model DNDC-Europe. Mean emission factors of German agriculture on mineral soils derived by Leip et al. (2010) Despite the high measurement and modelling uncertainty (Figs. 4, 5 ) of all tested empirical approaches, the country-wide budgets are within a range of 92 to ?128% of the results of the national German Inventory (Haenel 2010) . In this report uncertainties of direct N 2 O emission factors are assumed to be in a range of ±80% (except grazing with 200%). As discussed in Leip et al. (2010) , regional under and over estimations have the tendency to compensate each other when deriving country-wide averages. Corazza et al. (2011) derived maps of spatially distributed N 2 O fluxes by inverse modelling using a net of flux tower measurements spread across Europe for the year 2006. The estimates of this work, and the estimates in Corazza et al. (2011) , relate to different time periods, and the results of Corazza et al. (2011) also include other N 2 O sources (indirect N 2 O emissions, industry, natural emissions) not considered here. Nevertheless, the gradients of N 2 O fluxes from southern to northern (cropland) and western to eastern (cropland, grassland) Germany found by regionalization in this work can be also observed in maps derived by Corazza et al. (2011) . This spatial pattern is probably caused by the spatial distribution of fertilizer N input and the gradients of environmental conditions. Agriculture accounts for approximately 24% (30% without oceanic emissions) of European N 2 O fluxes, while emissions from agricultural and natural soils together contribute around 50% (70% without oceanic emissions) (Corazza et al. 2011) . A comparison between top down and bottom up approaches related to German N 2 O emissions must at least consider natural soils and organic soils as important sources of N 2 O and is beyond the scope of this work.
Implications for mitigation assessment
The developed models MODE Crop and MODE Grass allow a spatial stratification of the German agricultural area with regard to the N 2 O emission potential. This potential is represented by maps of background fluxes and emission factors. The spatial stratification of the emission potential of German croplands follows gradients governed by climatic conditions and soil properties. The localization of arable land will have an impact on N 2 O source strength and on the efficiency of mitigation measures. About 50% of German cropland soils are assigned an emission coefficient smaller than 0.5%. This implies that a restricted mitigation potential in those regions exists, while a mitigation potential of up to 5% exists in other areas. An efficient N 2 O mitigation strategy should consider the spatial stratification along natural drivers. Our regionalization results show that under prevailing natural conditions in Germany the spatially-explicit adapted promotion of mitigation options is a key issue following the regionalization results.
Mitigation options that can be evaluated with the developed approach are restricted to the nitrogen input and crop types grown. A list of further measures suitable to significantly reduce N 2 O emissions comprises options that increase the nitrogen use efficiency (nitrification inhibitors; spatial and temporal distribution of fertilization; cultivation of intercrops; export of N rich residues) or environmental conditions (tillage, irrigation). Based on the grouping of German cropland areas along natural gradients by MODE Crop , the developed model can be interpreted as a skeletal structure that allows the mounting of additional differentiations. The influence of additional mitigation measures based on expert knowledge and measurement campaigns could be incorporated in this way.
The spatial stratification of emission factors of German grassland soils is less pronounced. Applied fertilizer N is the major control of modeled N 2 O emissions and thus, measures that increase the N use efficiency are feasible options to mitigate direct N 2 O emissions.
The modelling approaches compared in this study differ with regard to the model structure assumed and controls considered. In consequence, different spatial representations of mitigation potentials are quantified with each model. This highlights the restrictions of chosen model structures, assumptions made and data sets used to calibrate the models. For all used modelling approaches the estimated uncertainty at the regional scale is high, which reduces the reliability of mitigation assessments by these models. MODE and the approach of Freibauer et al. (2003) were specifically developed to represent N 2 O emissions of agricultural mineral soils in temperate Western Europe, which is reflected in partial coherence of key drivers identified and spatial pattern of N 2 O emissions modeled while the remaining models were developed on globally available data sets.
Conclusions
In this work, data driven empirical modelling approaches to estimate direct N 2 O emissions of agricultural mineral soils were developed using a derivate of the Stehfest and Bouwman (2006) data selection, predominantly covering central and western temperate Europe.
It was found that climate and soil properties strongly influenced the variability of measured annual N 2 O emissions. This is also emphasized by Flechard et al. (2007) . The modelling approaches MODE CROP and MODE GRASS consider these effects and are able to reproduce the spatial temporal pattern of N 2 O emission. The models untangle the effects of natural drivers (climate, soil properties) and management (land use, nitrogen fertilisation) on direct N 2 O emissions. This allows the assessment of mitigation potentials by reduced fertilisation (reduction of annual nitrogen surplus, precision farming, trade of surplus nitrogen from livestock management) and land use change with respect to locally prevailing environmental conditions.
Applied on German agriculture in the period 1990-2005, model results indicated that the influence of fertilizer N input on N 2 O fluxes is relative homogeneous across German grasslands, but highly temporal and spatial variable for German croplands. Here local specific mitigation measures could be highly effective in reducing Germany's N 2 O emission budget, while in some areas the mitigation effect on direct N 2 O emissions of croplands would be minimal. This is also obvious in derived maps of local specific emission factors assuming climate conditions and land use of the period 1990-2005. Overall the mean emission factor of agricultural area in Germany is estimated to be around 0.9%, supporting the reduction of the emission factor from 1.25% of fertilizer applied (IPCC 1996) to 1.00% by the IPCC Guidelines for National Greenhouse Gas Inventories (2006) .
The rule-based modelling approaches developed demonstrate a high capability to capture measured emissions by rearrangement of flexible model structures. Rule-based approaches as realized in this work are suitable as a tool for designing mitigation measures, because the model structure is built in a similar way to human decision-making. Expert knowledge can easily be incorporated in the rule system. Therefore, it is possible to further differentiate the trained model according to local increase of knowledge based on measurements or expert decisions.
Model structures of MODE Crop and MODE Grass and rule-specific uncertainties indicate which coincidences of environmental conditions and management options are underrepresented by measurements. Thus the set up of experimental designs to examine the effect of management options on agricultural areas across Germany can be supported.
We found that considerable areas of Germany characterized by a low emission potential are underrepresented by measurements. The same is true for crop categories used for bioenergy production (e.g., rapeseed, maize, short rotation coppice) as stated in Smeets et al. (2009) and further management options like grazing, the cultivation of intercrops or the application of nitrification inhibitors (Hillier et al. 2009 ).
There are several open issues concerning the implications of the anthropogenic impact on regional budgets of direct N 2 O emissions. One of these is the uncertainty reduction of national emission budgets by replacing TIER1 approaches by emission factors adapted to regional properties and land use. Locally adapted emission factors like those introduced in this study can enhance the representation of land use changes and management within the national N 2 O budget.
